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ADAPTIVE MULTI-DIMENSIONAL DATA
DECOMPOSITION

This invention relates to methods and an apparatus for
adaptive, multi-scale decomposition of multi-dimensional
data. More particularly, it relates to the use of a multi-scale
decomposition to extract a plurality of components from an
image (or a sequence of images). In another aspect, the inven-
tion relates to an Empirical Mode Decomposition. This adap-
tive, multi-scale decomposition can be used to extract com-
ponents from images, as mentioned, but it can also be used
more generally for data analysis.

Three-dimensional (3D) images and videos are of increas-
ing importance in broadcast and video imaging. Existing
technologies for generating 3D pictures, either involve using
several (at least two) cameras—which drastically increases
production costs—or using special illumination and sensing
techniques, such as structured light or Time of Flight (ToF).
The latter range-finding techniques are not well suited for use
in broadcast and video imaging, because natural illumination
is normally required for aesthetic reasons.

Shape-From-Shading (SFS) techniques have been pro-
posed in the literature for extracting depth information from
still images. Some examples of such a technique are given by
Durou, Jean-Denis; Falcone, Mauricio. & Sagona, Manuela,
“Numerical methods for shape-from-shading: A new survey
with benchmarks”, Computer Vision and Image Understand-
ing, 2008, 109, 22-43.

The present inventors have recognised that it would be
desirable to be able to generate 3D pictures from single-view
2D pictures. Existing shape-from-shading techniques do not
fully address this need. Therefore, the inventors have identi-
fied a need for an improved way of deriving three-dimen-
sional structural information from 2D images. This structural
information includes the shapes and relative positions or
poses of objects in the scene.

According to an aspect of the invention, there is provided a
method of decomposing an image or video into a plurality of
components, the method comprising:

obtaining an intensity signal of the image or video; and

decomposing the intensity signal into a component repre-
senting the three-dimensional structure of one or more
objects in the scene and at least one other component,

wherein the intensity signal is decomposed according to
the spatial scale of variations in the intensity, and

the other component comprises at least one of:

a component representing surface reflectance of the

objects;

a component representing noise in the image; and

a component representing illumination in the scene,

the noise and reflectance components comprising varia-
tions at a small scale, the structure component comprising
variations at a medium scale, and the illumination component
comprising variations at a large scale or a uniform value.

The intensity signal is preferably decomposed into at least
three components: a component representing noise and/or
surface reflectance (also referred to herein as a “texture”
component); the component representing shape (and other
3D structure); and a component representing illumination.

In natural images, an intensity signal contains features
caused by the shape of objects in the scene; features caused by
variations in the surface reflectance of the objects (surface
texture); and features caused by illumination or variation in
illumination. The present inventors have recognised that—for
many typical natural images—these features can be substan-
tially separated into different component images, by consid-
ering the spatial scales over which the different types of
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features occur. In particular, they have recognised that, within
a given image, texture features generally exhibit a smaller
(finer) scale intensity variation, illumination features exhibit
alarger scale variation, and features arising from 3D structure
exhibit an intermediate scale, between the larger and smaller
scales. Furthermore, the inventors have recognised that the
components can be effectively separated by multi-scale (or
multi-resolution) analysis.

Any noise in the intensity signal tends to be collected
mainly at the finest scale, so that the texture component also
includes a noise component. The illumination component
may comprise a non-stationary component of the intensity
signal (that is, one whose statistical properties vary between
different regions of the image).

The intensity signal is a single-valued function derived
from the image. For example, if the image or video is input in
a colour format, such as RGB, the intensity signal may be a
luminance signal extracted from the RGB values. However,
the scope of “intensity” is not limited to luminance.

The decomposition may comprise non-linearly filtering
the intensity signal.

A nonlinear filter is a signal-processing operation whose
output is not a linear function of the input.

The basis functions of the decomposition may be deter-
mined adaptively from the intensity signal.

This means that the decomposition does not use a fixed set
of basis functions, such as a wavelet or Fourier basis. Instead,
the basis functions are extracted from or adapted to the inten-
sity data. This helps the method to produce consistent results
for very different types of image, in particular, because it
facilitates an unsupervised and relative (rather than absolute)
definition of the scales of each of the different components.

The decomposition preferably comprises a two-dimen-
sional Empirical Mode Decomposition, EMD.

The EMD comprises decomposing the intensity signal into
a plurality of Intrinsic Mode Functions. An Intrinsic Mode
Function (IMF) is a function that preferably satisfies two
conditions: (1) in the whole data set, the number of extrema
and the number of zero crossings must either be equal or
differ at most by one; and (2) at any point, the mean value of
the envelope defined by the local maxima and the envelope
defined by the local minima is zero.

The EMD process typically comprises: (i) determining a
local spatial average of the input signal at each point in the
image; (ii) calculating a difference signal between the input
signal and its local average; (iii) preferably iterating steps (i)
and (ii) a predetermined number of times or until conver-
gence, using the difference signal calculated in the previous
iteration as the input signal to the next iteration; (iv) identi-
fying the difference signal calculated in (the final iteration of)
step (ii) as an IMF; (v) calculating a remainder signal as the
difference between the IMF and the input signal; (vi) prefer-
ably iterating steps (i) to (v) a predetermined number of times
or until convergence, using the remainder signal from the
previous iteration as the input signal to the next iteration; and
(vii) identifying the remainder signal (from the final iteration)
as a residue function of the decomposition.

Preferably at least two IMF's are generated (in addition to a
residue). The components of the image are preferably derived
from the EMD as follows. The first IMF (at the finest/smallest
scale)is identified as the texture and/or noise component. The
final residue function is identified as the illumination compo-
nent; this will be the coarsest/largest scale of the decomposi-
tion. The structure component is derived by combining the
other IMFs (that is, those at intermediate scales).

The EMD advantageously comprises: determining a local
average of the intensity signal at each point in the image,
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wherein the local average at each point in the image is defined
as the mean of two envelope functions at that point: a maxi-
mum envelope, comprising a function which interpolates
among local maxima of the intensity signal; and a minimum
envelope, comprising a function which interpolates among
local minima of the intensity signal, the method further com-
prising generating the maximum envelope by: extracting
from the intensity signal a sparse maximum intensity signal
which comprises the value of the intensity signal at local
maxima; and performing normalized convolution of the
sparse maximum intensity signal with a smoothing filter; and
generating the minimum envelope by: extracting from the
intensity signal a sparse minimum intensity signal which
comprises the value of the intensity signal at local minima;
and performing normalized convolution of the sparse mini-
mum intensity signal with a smoothing filter.

The use of normalised convolution to generate each enve-
lope (and thereby the local average) results in a decomposi-
tion with particularly advantageous properties. The advan-
tages will be discussed in general terms later, below. When the
EMD is being used to extract structure, texture and illumina-
tion components, as summarised above, the general advan-
tages translate to stable, robust, and predictable results across
different types of image. In particular, the properties of each
component for one arbitrary image will match the properties
of each corresponding component for another arbitrary
image. This helps to provide a reliable unsupervised method
for extracting the desired components.

The method may further comprise generating a depth map
from the structure component. In particular, the depth map
may be generated according to equation (3), to be described
subsequently herein.

Apart from generating a depth map, the methods sum-
marised above may also be exploited for other image and
video processing tasks. These may include—for example—
editing, special effects, and image enhancement. These meth-
ods may use any of the components mentioned, in isolation or
in any combination.

The at least one other component resulting from the
decomposition preferably comprises an illumination compo-
nent; and the generated depth map is preferably constructed
dependent upon the illumination component.

The dependence of the depth map upon the illumination
component may comprise modulating the depth map in
inverse relation to the illumination. In particular, the depth
map may be generated according to equation (5), to be
described subsequently herein.

The method may further comprise using the generated
depth map to synthesise image data suitable for 3D display.

The image data is suitable for creating a 3D image using a
3D display. For example, the 3D image data may comprise the
depth map combined with a 2D image. Alternatively, it may
comprise a left-right pair of stereo images. In either case the
3D image data is preferably generated by combining the
depth map with the original 2D image data (or with a pro-
cessed version of the original 2D image data). The 3D image
data may be provided in compressed or uncompressed form.
It may be encoded, for example for robust transmission or
storage or, alternatively, it may be provided without encod-
ing.

Also provided, according to an aspect of the invention, is a
signal representing 3D image data synthesised using the
method summarised above. The signal is preferably stored on
a machine-readable storage medium.

Preferably, the image is a high dynamic range image.

Here, the dynamic range is defined as the number of dis-
crete levels that can be represented between the highest inten-
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sity value and the lowest intensity value a given the image
format. “Low” dynamic range is typically used to designate
images less than or equal to 256 levels. This corresponds to
the 8-bit values traditionally captured by many digital cam-
eras. In the case of colour images, Low dynamic Range
(LDR) includes images with 8 bits per channel—that is,
24-bit colour. High Dynamic Range (HDR) means intensity
images with greater than 256 levels, preferably 512 levels or
higher. With a greater number of discrete levels, quantization
noise (the error between the actual amount of light falling on
the sensor and the quantized digital level representing that
light) is reduced. It has been found that HDR images are
especially beneficial when used in conjunction with the
present invention. It is thought that the more accurate repre-
sentation of the scene allows some of the assumptions of
traditional shape-from-shading approaches to be relaxed.

According to a further aspect of the invention, there is
provided a method of performing an Empirical Mode Decom-
position on image or video data in two or more dimensions,
the image or video data comprising an array of image ele-
ments each having at least one value, the method comprising:

determining a local spatial average value for each element,

wherein the local average at each element is defined as the
mean of two envelope functions at that element:

a maximum envelope, comprising a function which inter-
polates among local maxima of the element values; and

a minimum envelope, comprising a function which inter-
polates among local minima of the element values,

the method further comprising generating the maximum
envelope by:

extracting from the element values a sparse maximum sig-

nal which comprises the value of the element at each
local maximum; and

performing normalized convolution of the sparse maxi-

mum signal with a smoothing filter; and

generating the minimum envelope by:

extracting from the element values a sparse minimum sig-

nal which comprises the value of the element at each at
local minimum; and

performing normalized convolution of the sparse mini-

mum signal with a smoothing filter.

The use of normalised convolution to generate each enve-
lope (and thereby the local average) results in a decomposi-
tion with particularly advantageous properties. In this con-
text, therefore, normalised convolution has special benefits
over other possible interpolation methods. It can produce
smooth envelopes; it avoids using basis functions which
could introduce spurious features or artificial properties into
the decomposition; it is able to follow the data, in the sense
that the local extrema of the data are the only local extrema in
the envelope; boundary conditions (at the borders of the
image) are handled correctly without data extrapolation or
any assumption of periodicity; and—perhaps most impor-
tantly, for practical implementation—the computational
complexity increases only linearly with the number of local
extrema. This last advantage facilitates a scalable implemen-
tation in real-time environments.

In more detail the EMD process preferably comprises (i)
determining at each element a local spatial average of the
input values; (ii) calculating a difference signal between the
input element values and the corresponding local average
values; (iii) preferably iterating steps (i) and (ii) a predeter-
mined number of times or until convergence, using the dif-
ference signal calculated in the previous iteration as the input
to the next iteration; (iv) identifying the difference signal
calculated in (the final iteration of) step (ii) as an IMF; (v)
calculating a remainder signal as the difference between the
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IMF and the input; (vi) preferably iterating steps (i) to (v) a
predetermined number of times or until convergence, using
the remainder signal from the previous iteration as the input to
the next iteration; and (vii) identifying the remainder signal
(from the final iteration) as a residue function of the decom-
position.

Convergence in step (iii) may be detected by comparing the
difference signals generated in successive iterations. When
the change between iterations is below a predefined thresh-
old, convergence is declared. The change can be quantified by
the standard deviation between the difference signals of each
iteration.

Convergence in step (vi) may be detected by the absence of
any further local minima or maxima in the remainder signal.

When considering an image, or when considering a video
as a stream of individual images, the “image elements” of the
array are pixels. When the method is applied to a video, the
frames can be treated as separate images and processed inde-
pendently. Alternatively, multiple frames can be processed
jointly. In some embodiments, the image elements may be
voxels.

The normalised convolution may be calculated by combin-
ing the results of two convolution operations—more particu-
larly, as a ratio between the results of two convolution opera-
tions.

The first convolution is between the smoothing filter func-
tion and the sparse signal consisting of the local extrema
(maxima or minima, respectively) of the pixel values. The
second convolution is between the filter function and a cer-
tainty map. The certainty map is equal to 1 where the sparse
signal is non-zero and is (explicitly or implicitly) equal to 0
elsewhere. That is, the certainty map is a binary map marking
the positions of the extrema in the sparse signal. Accordingly,
the second convolution can preferably be implemented as a
summation of values of the filter function corresponding to
the non-zero entries in the certainty map.

The smoothing filter function for the normalised convolu-
tion may be a Gaussian Radial Basis Function (RBF).

A spatial scale parameter of the smoothing filter may be
chosen dependent upon a representative distance between
neighbouring points in the set of maxima, or in the set of
minima, or in the union of both sets.

The representative distance may be an average distance
between neighbouring extrema. “Neighbouring” points may
be determined, for example, by the connections between ver-
tices in the Delaunay triangulation of the point-set in the
Cartesian plane. When the filter is a Gaussian RBF, the scale
parameter is the standard deviation (“sigma”) of the function.
Sigma is preferably set equal to the mean distance between
neighbouring extrema.

Note that when the EMD technique is applied to an inten-
sity image/signal (as summarised previously above) the
“pixel value” at each pixel is simply the value of the intensity
signal at that pixel.

A local maximum can be defined as a pixel whose value is
greater than the values of the other 8 pixels surrounding it, in
a 3x3 square neighbourhood centred on the pixel; and a local
minimum can be defined as a pixel whose value is less than
the values of those other 8 pixels.

This definition has been found to be particularly beneficial
for the EMD. It avoids the detection of flat plateaus as local
maxima (respectively minima). This has been found to be
desirable because these plateaus comprise features which
should be sifted into an IMF at a larger scale. This helps to
avoid mode-mixing. The restrictive definition of the neigh-
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6

bourhood also avoids introducing any bias related to the scale
of'the significant features to be considered at each level of the
decomposition.

Also provided is a computer program comprising com-
puter program code means adapted to control a physical com-
puting device to perform all the steps of any of the methods
summarised above when said program is executed on the
physical computing device. Also provided is such a computer
program embodied on a computer-readable medium.

According to another aspect of the invention, there is pro-
vided signal processing apparatus adapted to perform an
Empirical Mode Decomposition on numerical data, the data
comprising an array of elements in two or more dimensions,
each element comprising a value, the apparatus comprising:

an averaging unit, adapted to determine for each element in
the array a local average value,

wherein the local average at each element is defined as the
mean of two envelope functions at that element:

a maximum envelope, comprising a function which inter-
polates among local maxima of the element values; and

a minimum envelope, comprising a function which inter-
polates among local minima of the element values,

the averaging unit further comprising:

a local extrema extraction unit, adapted to extract from the
element values a sparse maximum signal which com-
prises the element-value at each local maximum and a
sparse minimum signal which comprises the element-
value at each at local minimum;

a maximum envelope generation unit, adapted to generate
the maximum envelope by performing normalized con-
volution of the sparse maximum signal with a smoothing
filter; and

a minimum envelope generation unit, adapted generate the
minimum envelope by performing normalized convolu-
tion of the sparse minimum signal with a smoothing
filter.

This apparatus may be adapted to perform a method as
summarised previously above, wherein the data is image or
video data and the array of elements comprises an array of
pixels.

Each envelope generation unit preferably comprises: a plu-
rality of worker units, each unit adapted to calculate the
contribution of one local extremum to the normalized convo-
Iution for a plurality of elements in the array; and an adder, for
summing the contributions of the workers for each element of
the plurality.

The worker unit may calculate the contribution of one local
extremum to all elements of the array. However, some of the
contributions for array-elements far from the local extremum
may be zero (depending upon the filter chosen) and therefore
these calculations will not need to be performed.

Each worker unit is preferably adapted to calculate and
output for each of the plurality of elements: a value of the
smoothing filter function for the element; and a product
between the value of the smoothing filter function and the
value of the local extremum.

These two items make up the contribution of the local
extremum to the denominator and numerator convolution
operations, respectively, for each element.

Also provided is an image or video processing circuit
adapted to perform a method according to claim 8, compris-
ing and using the apparatus of claim 14 or claim 15.

Also provided is a camera or display device (such as a
television) comprising this image or video processing circuit.
The apparatus summarised above is particularly well suited
for use in a camera (such as a digital video camera) or display,
because the operations are designed to be implemented effi-
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ciently in real-time—for example, in a pipelined or parallel
implementation. This can allow a video camera with a single
2D image sensor to synthesise and output a live 3D video
signal. Similarly, a television or other display means can
receive a video stream consisting of 2D pictures and can
augment these pictures in real-time to produce and display 3D
pictures.

According to still another aspect of the invention, there is
provided apparatus for decomposing an image or video into a
plurality of components, the apparatus comprising:

a luminance extraction unit for obtaining an intensity sig-
nal of the image or video; and

a signal decomposition unit for decomposing the intensity
signal into a component representing the three-dimensional
structure of one or more objects in the scene and at least one
other component,

wherein the intensity signal is decomposed according to
the spatial scale of variations in the intensity, and

the other component comprises at least one of:

a component representing surface reflectance of the

objects;

a component representing noise in the image; and

a component representing illumination in the scene,

the noise and reflectance components comprising varia-
tions at a small scale, the structure component comprising
variations at a medium scale, and the illumination component
comprising variations at a large scale or a uniform value.

The apparatus may further comprise a depth recovery unit
for generating a depth map from the structure component

The invention will now be described by way of example
with reference to the accompanying drawings, in which:

FIG. 1 illustrates a system-architecture for 2D to 3D con-
version, according to an embodiment of the invention;

FIG. 2 is a block diagram of the decomposition pipeline of
FIG. 1,

FIG. 3 is a block diagram of the rendering pipeline from
FIG. 1,

FIG. 4 is a block diagram showing an exemplary hardware
pipeline for implementing one stage of an Empirical Mode
Decomposition according to an embodiment of the invention;

FIG. 5 is a block diagram illustrating the design of each
sifting stage in FIG. 4;

FIG. 6 illustrates the envelope generation block of FIG. 5in
greater detail; and

FIG. 7 illustrates the convolution block of FIG. 6 in greater
detail.

An example of a 2D to 3D conversion process will now be
described, using a depth-recovery method according to an
embodiment of the invention.

An overview of the system architecture is shown in FIG. 1.
The input receives High Dynamic-Range (HDR) image data.
Pre-processing of the image data is performed by a pre-
processing block 5. The output of this is connected to a
luminance extraction block 10 and a tone mapping block 20.
The output of the luminance extraction block 10 is input to a
signal decomposition pipeline 30: This element performs
signal decomposition steps in order to extract structural data
from the luminance signal. The tone mapping block 20 con-
verts the HDR image data into conventional Low Dynamic
Range (LDR) data for standard display purposes. This block
also acts as a buffer where original data can be stored while
the depth is calculated. The output of the tone mapping block
20 and the output of the signal decomposition block 30 are
connected to the input of a rendering block 40. The rendering
pipeline 40 performs the depth calculation from the structural
data provided by the signal decomposition block and merges
the result with the original (tone mapped) data to produce
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images. Synchronisation circuitry (not shown) is provided to
coordinate the activities of the different blocks. This includes
buffer and memory management features as well as synchro-
nisation mechanism to allow real-time processing in high
resolution at a high frame rate. Those skilled in the art will be
able to implement suitable synchronisation mechanisms,
based on the common general knowledge.

The input to the system is a HDR image data stream. The
input image data can be represented in the form of multiple-
exposure LDR images, with associated exposure parameters.
Alternatively, it can be encoded using a specific, non-linear,
sensor response. In the case of multiple exposures, the images
are merged together using the exposure information, to pro-
duce a single HDR intensity image. In the case of a non linear
sensor, a specific sensor response function is used to build
HDR data. In all cases, the output of the pre-processing stage
5 is preferably an image data stream with linear dynamics and
a high dynamic range.

The signal is then sent to an intensity extraction stage 10
where the HDR colour image signal is converted to a gray-
scale luminance signal corresponding to the radiance of the
scene. Simultaneously, the HDR colour data is sent to the tone
mapping pipeline 20. The extracted luminance signal is next
forwarded to the signal decomposition stage 30.

In this example, depth will be extracted from a luminance
signal. However, it should be understood that other transfor-
mations from colour signals to a single-valued intensity sig-
nal are also possible. The present invention is not limited to
luminance signals as defined in the following example. Any
other suitable conversion may be applied instead.

Luminance is a perceptual quantity that describes how
much light is perceived by a sensor. In the world of digital
imaging, luminance is a normalised value calculated as the
weighted sum of the colour components of each pixel (%, y):

L(x,y)=0.2116R(x,y)+0.7152G(x,y)+0.0722B(x,y) (€8]

This transformation is performed by the intensity extrac-
tion stage 10.

The signal decomposition 30 is the core of the system. As
shown in FIG. 2, this stage performs multi-resolution analysis
32 of the luminance signal in order to separate structural cues
from texture/chromaticity on the one hand; and illumination
on the other. The decomposition 32 is based on local opera-
tors so that the processing can be performed in a single pipe-
line. The result of the decomposition is a set of gray-scale
images. A selection function 34 selects the components of the
decomposition which will be used for depth reconstruction.
The selected components are combined and output to the
rendering block 40, while the other components can be dis-
carded. When processing video streams, the component
selection can be set once for the whole stream. The output of
the selection block 34 is a single gray-scale image which
contains the spatial structural information found in the origi-
nal image. It will be used for depth calculation in the render-
ing pipeline.

The tone-mapping pipeline block 20 converts the HDR
data stream to a conventional LDR data stream and also
provides a buffering capability so that the image data can be
stored while the depth calculation is performed. Methods for
converting HDR to LDR image data are known in the art.
Optionally, as shown by the dashed arrow, the 2D LDR image
data can also be output directly so that conventional video-
processing steps can also be applied to the data.

The rendering pipeline 40, illustrated in FIG. 3, is the last
stage of the process. The structural information extracted
during signal decomposition is converted to a pixel-level
depth-map by depth recovery block 42. This is passed to a
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rendering module 44, which produces a 3D image stream, by
combining it with the LDR data stream. The 3D image data
can be either depth-map enhanced 2D images, or a left-right
stereo pait.

An exemplary method (for block 42) of recovering depth
from a luminance image will now be described. Because
luminance is related to the point of view of the observer, there
is a direct relationship between the curvature of the illumi-
nated surface and the perceived luminance. The intensity of
the light will increase as the surface faces the sensor and
decrease when it bends away. This approach is based on the
same principles as traditional Shape from Shading (SFS)
methods but, because HDR images capture a better estimate
of the radiance of the scene, many of the additional assump-
tions needed in conventional SFS can be relaxed. These
include the assumptions of Lambertian surfaces and point
light at infinity. A direct relationship between the luminance
of a pixel and its depth can then be established (subject to an
unknown scale factor). This section will describe the way
such a mapping from luminance to depth values can be built.

The luminance of each pixel expresses a quantity related to
the intensity of the light that passes through or is emitted in
the direction of the camera by the surface facing it. Lumi-
nance then follows the rendering equation:

Lxy)=L Hof(©:,0,)L(0;)c0s ©;dw; @

Where L, is the luminance emitted by the object (zero for
non-emitting objects) and f, the reflectance function. The
reflectance function describes the way the material of the
objectinteracts with the incident light. L, is the intensity of the
light reaching the objects in the scene, while cos 0, is the
incident angle of the light on the visible surface of the object.
With a few weak assumptions, we can simplify the equations:

1. If the objects are not emitting light, or no direct light
source is visible in the image, L. ,=0

2. If the objects are diffuse, the reflectance map only
depends on the angle between the incident light and the sur-
face of the object (more specifically, the normal to the sur-
face).

3. Ifthe light source is unique and placed far enough from
the scene, cos G)i:csth, y.

Under these hypotheses, the relationship between lumi-
nance and the curvature of the surfaces facing the cameras is
straightforward and depth can directly be connected to lumi-
nance.

The exact relationship between luminance and depth has
been studied in the shape-from-shading literature. Surface
shape perception is linearly related to luminance, provided
that:

1. The illumination and viewing direction are different

2. The surface is not self shadowing

The second condition can be directly discarded by the use
of'an HDR sensor that will ensure correct exposure over the
whole image. The first condition is generally satisfied in real
(natural) scenes, especially outdoors. Based on these facts,
the relationship between luminance and shape is then indeed
linear and many different choices can be made for the trans-
form function. A perceptually coherent transformation of the
luminance that mimics human photoreceptor response is
given by (n=0.73):

2%, ) 3

Li(x, y) = W;

1
o= eXP[ﬁZ log(L(x. y))]
Xy
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The depth can then directly be assimilated to the com-
pressed luminance so that:

dxy)=Lyx.y) Q)

The method presented above makes it possible to build a
direct mapping from pixels values to luminance and then
from luminance to depth.

While this direct method already is able to rebuild the
overall surface of the objects, some artefacts might still
impair the results. Among these:

1. The whole surface can be shifted inside out. This arte-
fact, known as the bas relief illusion is unavoidable when no
additional reference information is available about the scene
and its illumination. The bas relief illusion is due to the fact
that the rendering equation (2) has many solutions when no
additional constraints are used. The bas relief effect can have
an effect on the whole image or only a part of it

2. Specular reflections are locally present in the scene and
locally distort the depth map. This occurs when the Lamber-
tian-surface assumption is broken locally—that is, when the
reflectance map of the scene is not diffuse.

3. The global depth map is globally distorted when the
illumination of the scene is not homogeneous. This kind of
artefact is the main limitation for a general purpose utilisation
of shape-from-shading or depth-from-luminance techniques.

The two last artifacts appear when the scene does not fit
well into the hypothesis of shape-from-shading. According to
an embodiment of the present invention an additional step is
introduced prior to depth recovery, which decomposes the
original luminance signal into texture/chromaticity/surface
reflectance, structure (including shape), and illumination
components.

The signal decomposition 32 which extracts the structural
components from the signal is preferably unsupervised and
easily implementable in hardware. The method of the present
embodiment works in the image domain and does not require
any additional knowledge about the scene. It separates the
features of the image according to the spatial scale (that is,
distance/size) over which intensity variations occur.

The decomposition algorithm takes advantage of the fact
that illumination variations tend to appear as “slow” (large-
scale) global variations of the luminance which are expected
to spread over the whole image, underlying more local varia-
tions due to depth changes. The illumination field can there-
fore be considered as the statistically non-stationary compo-
nent of the signal. On the other hand, texture and chromaticity
changes are limited to localised regions of the image. These
will usually appear in the first component of the decomposi-
tion, which corresponds to the smallest-scale luminance
changes. The structural information lies in the intervening
scales, between the largest and the smallest.

According to an embodiment of the invention, the depth
map calculation 42 is based upon the decomposition 32 of the
luminance signal: the structural components are selected and
combined together 34. Optionally, the largest-scale compo-
nent, corresponding to illumination, is used to adaptively
further compensate for the distortion introduced by spatially
varying illumination. The finest-scale component, represent-
ing texture, is discarded.

A detailed description of a particularly advantageous
decomposition will be provided later, below.

When a HDR image is decomposed in this way, the first
(smallest-scale) component clearly exhibits the highest fre-
quencies in the signal and the residue (largest-scale compo-
nent) contains the non stationary component (that is, the
illumination field). The intermediate components can be used
for depth reconstruction.
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For real-time processing, for example in a video camera, it
is desirable for the method to operate without any human
supervision. In particular, the modes should be automatically
selected and combined 34.

Several alternatives can be considered depending on the
content of the scene:

Direct summation: this is the approach used in the present

embodiment.

Mode selection: the structure of the scene may be extracted

using an adaptive weighted sum of the modes.

Local mode selection: The weights in the sum may be

locally adapted.

The result of the mode selection/combination 34 is then fed
into the depth recovery process 42, optionally together with
the illumination component for adaptive illumination correc-
tion.

In a straightforward implementation of the depth recovery
algorithm (eq. 3), the log-sigmoid compression is applied
uniformly to the whole image. However, it has been observed
that in the human retina the compression level is adapted
locally according to the light intensity of the surrounding
retina cells. Based on this observation, the illumination com-
ponent from the decomposition can be used to locally adapt
the depth map to the illumination field, by directly feeding the
illumination component R(X, y), once it has been renormal-
ized to avoid numerical issues (like divide by zero or negative
values), in equation 3:

L'x, 3
L2(x, y) + Rix, y)*

5
Ls(x, y) = ©

This is an optional enhancement to the basic equation (3).

As described above, the method produces a depth map with
values within the range [0, 1]. However, obtaining real depth
values require rescaling the depth map, based on the knowl-
edge ofthereal 3D position of one or more reference points in
the scene. Using a camera with an auto focus lens provides
such information: the focusing distance and the point of
focus. Information about aperture, focal length and pixel
sizes are also available so that the system is also aware about
the depth of field for a given image. Using one or several
initial control points and knowledge of the depth of field, the
depth map can be rescaled so as to match the given focus-
distance (and position) and the desired depth of field. Gener-
ally speaking, any additional knowledge about the 3D struc-
ture of the scene, such as data coming from motion stereo,
focus, stereovision or even known control points in the scene
can be used for such rescaling purposes.

Tests performed on a set of various real world images have
shown that the method described above is very versatile and is
able to perform perceptually accurate reconstruction in many
cases. Thus, although the reconstruction may not be “perfect”
the artefacts introduced by the processing tend to be of a type
that are not visually disturbing for a human viewer—without
additional knowledge, the human visual system would pro-
vide a similar interpretation. The method is particularly
advantageous when used in conjunction with HDR image
sensors. Further advantages include:

The method is straight forward: No calibration of tuning is

required.

The signal decomposition (an example of which is
described below) is unsupervised and finding the struc-
tural modes can be done in a systematic way.

The whole method can be streamlined and implemented on
a microchip
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No knowledge is required about the acquisition parameters
(focus, exposure, etc.), but the rescaling of the depth
map can take advantage of this information, if available.

Hardware implementing the method can be integrated into
image acquisition devices (cameras) to produce directly
3D-enhanced videos or images.

Hardware implementing the method can be integrated as a
part of video material post-processing—for example, in
broadcasting studios.

Hardware implementing the method can be integrated into
3D displays to perform 2D to 3D conversion of existing
video content.

The method does not require any specific acquisition hard-
ware or acquisition protocol (and in particular, no cam-
era calibration is necessary) providing that the dynamic
range of the signal is large enough.

APPENDIX
Empricial Mode Decomposition

Background

For stationary signals which obey the principle of linear
superposition, the Fourier Transform provides a very efficient
tool for signal analysis. However, many physical systems and
real world signals do not conform to this hypothesis. Wavelets
are well suited for nonlinear data analysis, but they are limited
by the choice of a basis (wavelet) function. To circumvent
these limitations, the Empirical Mode Decomposition (EMD)
has been proposed as a data-driven (that is, data-adaptive)
approach for signal decomposition. EMD was originally pro-
posed for the analysis of non-stationary (single-dimensional)
time series by Huang et al. (N. E. Huang, Z. Shen, S. R. Long,
M. C. Wu, H. H. Shih, Q. Zheng, N.-C. Yen, C. C. Tung, and
H. H. Liu, “The empirical mode decomposition and the Hil-
bert spectrum for nonlinear and non-stationary time series
analysis”, Proceedings of the Royal Society of London,
Series A: Mathematical, Physical and Engineering Sciences,
454(1971):903-995, March 1998. Since then, the method has
also been extended for use with 2D and multivariate data.

The EMD algorithm attempts to build a set of orthogonal
basis functions called “Intrinsic Mode Functions” (IMFs).
Because IMFs are not constructed from any predefined basis
function, but rather by adaptive filtering of the data, the EMD
is well-suited for extracting components having a physical
meaning and thus for the study of physical phenomena.
Examples in the literature include rainfall analysis, electro-
encephalographs (EEG) and many others. The method can be
used for various applications in image analysis, including
illumination correction, image compression, and image
fusion.

With EMD, however, the results are sensitive to the design
of the decomposition algorithm. The IMFs that will be
extracted are highly dependent on the implementation, which
makes it difficult to compare and evaluate different algo-
rithms. Moreover, multidimensional extensions of the EMD
algorithm suffer from additional problems: firstly, IMF prop-
erties are difficult to extend to 2D or higher dimensions.
Secondly, the main concepts for grounding the EMD algo-
rithm have to be extended to multivariate data. Finally, the
existing 2D EMD methods often suffer from excessive com-
putational complexity when processing large datasets.
Proposed EMD in Two or More Dimensions

In the following, an iterative scheme to extract IMFs from
multidimensional data will be described, according to an
embodiment of an aspect of the invention. For the purposes of
explanation, the example of 2D natural images will be
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described. However, the principles are also applicable to
higher dimensions. The 2D example which will be described
can be used with particular benefit in the method described
earlier above, for separating a natural image into components
related to texture, 3D (shape) structure and illumination.

It is helpful to first review the 1D EMD technique. This
attempts to decompose a temporal signal S,(t) into a sum of n
empirical modes (c,(t)) and of aresidue function (r,,(t)), which
is either the mean trend of the signal or uniform (that is a
constant value over the entire extent of the signal):

" (AD
So(0) = eyl + r(n)

i=1

The empirical modes can be extracted by a procedure
called “sifting” which ensures that the modes are Intrinsic
Mode Functions (IMF). For a 1D signal (that is, a temporal
series) the IMFs satisfy the following properties:

1. The number of extrema and zero crossings must differ at
most by one.

2. There is only one mode of oscillation (that is, only one
maximum or minimum) between two consecutive zero cross-
ings.

3. At any point, the local mean of the signal must be zero.

4. The IMFs are mutually orthogonal.

The main advantage of IMFs, compared with other basis
functions such as sine and cosines (in the Fourier transform)
or wavelets, is that IMFs are not restricted to narrow band
signals but might be modulated in both frequency and ampli-
tude. This property makes it possible to extract non-stationary
modes from the signal and makes EMD a very efficient
method to decompose a signal into physically relevant com-
ponents.

The decomposition of the signal into IMFs starts with the
extraction of local extrema (minima and maxima) over the
whole signal. Local extrema are then interpolated, to build
two envelopes: E, ., and E,, ... The mean of these two enve-
lopes is calculated and this is subtracted from the original
signal to build the first component:

1 (A2)
my (1) = E(Emin([) + Emax(1)

I (O=S(0)-m (@) (A3)

This process ensures that the local mean of h, is zero;
however, depending on the techniques used to build the enve-
lopes, it might generate overshoots and undershoots and even
create new extrema or change the existing ones. To avoid
these problems, the sifting algorithm repeats the process sev-
eral times, until the final component is indeed an IMF. At each
iteration, the previous component is treated as the data so that:

hy=Sg-my

hyy=h-my,

hy=hye=my
Finally, once h,, is an IMF, it is set as the first component
of the decomposition:

c1=hy (A4)
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For 1D signals, the sifting process stops once the standard
deviation between two consecutive shifted components
becomes low enough:

D i PR (A3)
SD = Z [M
m I (?

=

The next IMF is extracted in the same way, by considering
the remaining signal as the new data for the sifting process:

S1=8g-¢,

P51~ Cn

Finally, the decomposition stops once there are no longer
any more extrema to extract from the remainder signal.

While EMD is well defined for single-dimensional signals,
its extension to 2D (and higher dimensional) signals raises
certain problems, including: finding local extrema in multiple
dimensions; building the envelopes; defining a stopping cri-
terion for the sifting process; and defining the properties of
IMFs in multiple dimensions. The solution adopted for each
problem will influence the final result and, because of the lack
of theoretical grounding in the literature, it is very difficult to
asses the performances of a specific implementation. In the
following, the issues listed above will be addressed, while
describing a 2D EMD according to an embodiment of the
invention.

The definition of local extrema in 1D is straightforward,
butthe 2D extension of this is more ambiguous. In the present
embodiment, a local extremum in the discrete 2D image
domain is defined as follow: let Xe Z  be the set of discrete 2D

points in the image domain, I(x):Z >—R the intensity func-
tion which gives image intensity for the pixel x, and N (%),
xeX the neighbourhood of size d around the pixel. A point
x*eX is defined as a local maximum (respectively minimum),
if and only if: Vx=x*eN (x*) we have I(x*)>I(x) (respec-
tively I(x*)<I(x)). This means that the centre point of the
neighbourhood must be greater than (or less than, respec-
tively) all other points in the neighbourhood to be detected as
an extremum, which excludes a plateau having multiple pix-
els of the same value. Fine tuning of the extrema detection can
be achieved by changing the neighbourhood size d or its
shape. In the present embodiment, a restrictive definition is
adopted, by defining N as the 3x3 window surrounding each
pixel. This avoids introducing any bias related to the scale of
the significant features to be considered at a specific level of
the decomposition—an extreme pixel need only have a value
greater/lesser than its immediate 8-neighbours.

Once both local minima and maxima have been detected,
the related envelopes must be generated. A common choice in
the literature is to use thin plate spline interpolants. However,
this requires inverting a linear system of size nxn (where n is
the number of extrema), which leads to an excessive compu-
tational burden when applied to large images.

For the present embodiment, it is considered that a good
method for building envelopes should obey the following
principles:

1. The method should produce smooth surface.

2. The method should avoid using basis functions which
could introduce artificial properties into the decomposition.

3. The surfaces should follow the data, in the sense that
local extrema of the data should be the only local extrema of
the surface.



US 9,412,171 B2

15

4. Boundary conditions (for example, at the image-border)
should be handled without any data extrapolation and without
using boundary conditions that would assume a periodic
behaviour of the data.

5. Computational complexity should increase modestly
with the number of control points (maxima/minima).

The previously proposed interpolation methods cannot ful-
fil all of these requirements simultaneously. Interpolation
involves projecting the data over a predefined set of basis
functions, the problem being how to find the parameters of
this projection. Another way to achieve this goal is to use
convolution filters. Applying a convolution mask is equiva-
lent to locally projecting the data onto a basis defined by the
filter’s impulse response. Such filters can be implemented
efficiently and, if we use a low pass filter, it should lead to
smooth surfaces whose local extrema are those already
present in the input data. Filtering, however, comes at the
expense of a loss of energy in the signal, because some fre-
quencies are discarded. The direct effect of this is that the
filtering operation will not preserve the local extrema:
although their location is preserved, their intensity (ampli-
tude) is changed. Moreover, when building the envelopes the
method must rely only on local maxima (respectively
minima) and thus the filtering algorithm must be adapted to
sparse data. One way to deal with sparse data is to filter
considering only the data available and to compensate after-
ward for the missing ones. This is the aim of normalised
convolution, introduced by Knutsson et al. (H. Knutsson and
C-F. Westin, “Normalized and differential convolution:
Methods for interpolation and filtering of incomplete and
uncertain data”, Computer Vision and Pattern Recognition
(CVPR), pages 515-523, June 1993.

Normalised convolution (NC) has been proposed as a tool
to perform convolution operations on data with missing or
uncertain samples. The normalised convolution framework
works by attaching simultaneously a certainty map c(x, y) to
the data S and an applicability function a(x, y) to the filter
basis function B. The certainty map is a map, the same size as
the input image, whose value between zero and one indicates
how much the value of the corresponding pixel in the input
image can be “trusted”. In the present embodiment, it is
binary and contains one where there are control points and
zeros everywhere else. The applicability function will prac-
tically correspond to the impulse response of the filter in the
basis function defined by B. The approach can be viewed as
the solution of a weighted least square (WLS) problem, were
the weights are defined by both signal certainties, c(x, y), and
filter applicability a(x, y). NC provides a solution to the WLS
system that can be calculated efficiently using a set of fixed
convolution operators.

In general, B is a matrix of basis functions used to build a
local representation of the signal s. Each function occupies a
column of the matrix, so that:

s'=Bu (A6)

The basis B being given, the optimal weights which mini-
mise ||s'=s|| are found by minimising:

& = argmin|| W, W (B, — s)ll (AD)

where, W, and W_ are diag(a) and diag(c) respectively. By
writing W=W W _ the solution of the WLS problem is given
by:

a=(B*WB)"'BWs (A8)
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where B* is the complex conjugate of B. Finally, the filtered
data is obtained by projecting back into the original space:

§'=Bil (A9)

The most common choice for basis decomposition in nor-

malised convolution is a polynomial basis, B={1, x, y, X, y,
XYy, . .. }, where 1=[1, . .. 117, x=[x,, . . . X%, x>=[x,2, . . .
x,~]%, are vectors of length N constructed upon the local
coordinates of the samples. The order of the basis is then
chosen according to the order of the features which have to be
reconstructed.
When building the envelopes for the EMD, we want the
output of the filter to only follow the information provided by
the control points (requirement 3). There is then no need for a
high-order basis; instead the basis can be restricted to a single
basis vector—the column of ones, B=1 (requirement 2). The
filtering can then be implemented as a pair of regular convo-
lutions:

g axS

(A10)

a*c

These convolution operations can be implemented effi-
ciently and their complexity is not related to the image con-
tent—in particular, the number of extrema (requirement 5).
However, this method does not work well when the data is too
sparse for a sufficient number of points to fit inside the filter
mask. This problem is addressed by adapting the concept of
normalised convolution for the specific purpose of envelope
estimation.

The normalised convolution method described so far
already satisfies 3 out of 5 of the desired objectives listed
previously. In order to address the remaining limitations the
present inventors have devised an alternative definition of the
applicability function, as well as an efficient algorithm to
perform the calculation.

For the filter to produce smooth surfaces, one must ensure
that the filter would act as a low pass filter. Applicability
functions are often isotropic functions whose value decreases
with the distance from the origin (centre). A suitable choice
for the applicability function as a low pass filter is a Gaussian
Radial Basis Function (RBF):

All
G(r)=e 27 (A

were r stands for the Euclidean distance from point (x, y) to

the origin (r=Y x*+y?). In practice, the applicability function
should originate in the centre of its application domain so a
matrix a of size vxw is built:

-,
V- 1721 3240122 (Al2)

202

alx,y)=e

This applicability function can be further tuned by choos-
ing a suitable domain size and cut-off frequency (o). The size
of the domain on which the applicability function has to be
defined will have a direct influence firstly on the smoothness
of the surface (requirement 1): when few control points (ex-
trema) are available, a limited domain would lead to sharp
changes in the calculated value when a new control point is
taken into account, as the filter mask is shifted across the
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image (and when an old point falls out of the filter mask).
Secondly, the domain size influences the behaviour of the
filter when close to the border of the image (requirement 4):
the envelope estimate at the signal domain boundaries would
suffer from inaccuracies when a large portion of the filter
mask falls outside of the image and few control points (or
none) are available.

To overcome these problems in the current method, all
control points are taken into account when performing the
calculation for any point in the signal domain, but signal
extrapolation outside the signal boundaries shall be avoided.
The applicability function domain is therefore defined so that
the function completely covers the image when centred on
any of'its pixels. This leads to a domain that is double the data
size in each of its dimensions. Straightforward implementa-
tion using traditional linear convolution (eq. A10) then
becomes practically challenging. An alternative algorithm
that only calculates the contribution of control points is there-
fore proposed. This algorithm exploits the commutative prop-
erty of the convolution operator and treats the filtering opera-
tion as the convolution of the (large) applicability function,
with the (smaller) signal.

Linear discrete convolution of a 2D signal S with a filter
impulse response F defined over a window of size vxw can be
written as a double summation over the window’s dimen-
sions:

(A13)

=a

(S F)x, y) = Z

J=b
DLFG pSGHi y+ )
i=—b

where a=(v-1)/2 and b=(w-1)/2. However, when building the
envelopes, the corresponding filter size is the definition
domain of the applicability function, a. Thus, v=2 m and w=2
n, where m,n are the number of lines and columns of the
image, respectively. On the other hand, the data only contains
nonzero values where the local extrema (maxima or minima)
have been found, such that many terms of the summation will
be zero. Moreover, because the filter mask is bigger than the
image, most of it will fall outside of the image domain and the
limits of the summation can be adjusted accordingly. These
considerations allow us to rewrite the convolution of the
signal with the applicability function as:

(Al4)

(Sxa)x, y) = Z S, yia((m = x) +xi, (n = y) + 1)

xjyiiel. k

are X,, y,, i€l . . . k the coordinates of the control points. In a
similar way, because the certainty map only contains ones
where the local extrema have been detected and zeros else-
where, the convolution of the applicability function with the
certainty map can be written as:

(Ccramy = Y allm=-x)+x, (-3 +¥) (ALS)

xjoyiiel. k

Finally, the local extrema envelope is calculated by renor-
malizing (A14) with (A15) according to (A10):
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(Sxa)lx, y)
(cxa)(x, y)

D, SGi yialm =3 +x;, (=) + )

Al6
Ex, y) = (A0

xpypiel. k
- Y alm-x)+x, (n—y)+y)
xp.ypiel. k

This formulation allows the calculation of the envelope
with a computational cost which increases linearly with the
number of control points (extrema)—the complete envelope
being estimated in O(nmk) operations, where n,m are the
dimensions of the image and k is the number of control points
(requirement 5). The envelope produced is based on a general
low pass filtering of the control points which guaranties both
its smoothness (requirement 1) and faithful following of the
data (requirement 3). Finally, the method also avoids using a
predefined basis projection (requirement 2) and limits arte-
facts on the boundaries of he image domain (requirement 4).

The behaviour of the envelope estimation method with
respect to the sifting process will now be considered. It has
been found that different choices of filter bandwidth will lead
to very different results. These range from results similar to
nearest neighbour interpolation, if o is small, to planar inter-
polation for large values of o, with intermediate values of o
leading to smooth surface. The choice of an appropriate value
for o is thus important for ensuring that the decomposition
exhibits the desired properties. It is also necessary to consider
the way in which the sifting process will handle successive
iterations of the method and to choose a suitable test to stop it
when the desired result is achieved.

The choice of filter size is difficult because there is no
objective quantitative test to assess the results of the decom-
position. A qualitative evaluation will therefore be adopted.
Intuitively, it appears that it is desirable for the filter to give a
significant importance to a sufficient number of points when
they are dense enough. The filter must also be selective
enough to allow the envelope to closely follow the variation
suggested by the control points. These requirements can be
met if the filter bandwidth is chosen according to the distance
between natural neighbours among the control points. Natu-
ral neighbours are defined as those vertices which are con-
nected, when the Delaunay triangulation of the extrema in the
Cartesian plane is calculated. Experiments have shown that
the average distance between natural neighbours is a good
choice for the filter bandwidth, o. The filter bandwidth
parameter can be determined in at least two alternative ways.
In some embodiments, the set of maxima and the set of
minima can be considered separately. That is, the filter band-
width for generating the maximum envelope is chosen based
only on the set of local maxima, while the bandwidth for the
minimum envelope is determined only by the set of local
minima. In other embodiments, the average distance between
neighbouring extrema is calculated based upon both the natu-
ral neighbours in the set of maxima and the natural neigh-
bours in the set of minima. This produces a single, common
bandwidth value, which ensures that both envelopes will be
based on the same filter. The calculation is given by:

o=mean([z;) (A17)

lij:(xixyi)T_(xjxyj)T (A18)

where 1 and j are the indices of connected nodes in the trian-
gulation. This choice for o has been found to lead to stable
results and a reduced number of IMFs, on a wide range of real
and synthetic images while producing IMFs that can be attrib-
uted consistently to physical phenomena.



US 9,412,171 B2

19

In the 2D domain, it appears that it is impossible to build
IMFs that satisfy all of the properties listed previously, above,
for a 1D IMF. In particular, for 2D signals, it may be difficult
to build IMFs that obey the rules governing the number of
modes and extrema defined for 1D signals. This difficulty
should be taken into account when designing the stopping
criterion for the shifting process in two or more dimensions.
For the present 2D case, the two requirements are relaxed,
using a reformulation of the standard deviation parameter:

M N (A19)
Z Z IC-n & ¥) = Ay, yDIP]

=1 =1
D=

2

v
2 Nz, I

1y=1

M=

x

It is believed that this formulation is less sensitive to local
fluctuations of the denominator than a direct extension of
equation AS. It is also believed that the modes extracted using
this criterion tend to satisfy (at least approximately) the
desired orthogonality property.

In the presently described embodiment, the sifting process
is used mainly to compensate for the loss of energy intro-
duced by the low pass filtering, by iterative processing of the
residual (eq. A4). The sifting is stopped when further process-
ing does not bring any significant change in the local mean
estimate. More specifically, the iterations continue only as
long as D>0.1, with D calculated as described by (A19).

The 2D EMD method described above has been found to
produce good results on a variety of different types of image.
Of course, other decompositions may be used, or the param-
eters of the present decomposition adjusted to suit particular
applications. Preferably, the method used is based on an EMD
algorithm. EMD algorithms can be characterised as those
which produce a decomposition in to IMFs. For the purposes
of 2D decomposition, we define 2D IMFs as follows. An
image is an IMF if:

1. It has a zero mean;

2.Its local maxima in IMFs are positive while local minima
are negative; and

3. It has the same number of positive local maxima as
negative local minima.

A hardware architecture for implementing an EMD
method as described above will now be explained with refer-
enceto FIGS. 4-7. This architecture can be used to implement
the multi-scale decomposition block 32 in FIG. 2.

FIG. 4 shows one stage of the decomposition. The input is
an intensity image and the outputs are an IMF and a residue
image. According to one embodiment, six of the stages shown
in FIG. 4 are concatenated to perform the full decomposition.
The residue of the preceding stage forms the input image to
the next stage. In the description of the EMD method, earlier
above, it was noted that IMFs should be extracted iteratively
until convergence (that is, until no more local maxima or
minima can be detected in the residue). However, for practical
purposes—in particular, for most natural images—the inven-
tors have found that it is sufficient to extract a fixed number of
IMFs. The maximum number of IMFs is dependent on some
image properties. In this exemplary embodiment, the original
input image is separated into at most seven components: at
most 6 IMFs and a final residue signal. The first IMF can be
attributed to image noise, texture, and other local variations in
the reflectances of objects in the scene. The final residue can
be attributed to illumination. The other IMFs are attributed to

5

20

25

30

35

40

45

50

55

60

65

20

3D structure, including shape. For most typical images, in
practice, between two and four IMFs will be obtained.

At each stage of the EMD, the input image is supplied to a
chain of sifting stages 50a-d. These will be described in more
detail with reference to FIG. 5. The four sifting blocks 50a-d
facilitate a pipelined implementation, suitable for decompos-
ing a video consisting of a stream of frames—each stage can
process one frame while the preceding stage in the pipeline
processes the next frame. The design of pipelined implemen-
tations, in general, will be familiar to those skilled in the art of
real-time video processing.

In the previous description, above, of the EMD method, it
was indicated that the sifting continues until convergence—
that is, until the outputs from consecutive iterations are simi-
lar. In practice, the inventors have found that a fixed number
of iterations is acceptable for most natural images. In this
embodiment, the sifting is carried out four times, by the
serially connected sifting stages 50a-d.

While the sifting is carried out in the pipeline 50a-d, the
input image is delayed in a (pipelined) delay buffer 60. The
IMF extracted by the sifting process 50a-d is then subtracted
from the corresponding input image, using subtraction block
70. The result of this subtraction operation is the residue.

As shown in FIG. 5, each sifting stage 50 comprises sub-
tracting a local mean image from the input image. The input
to the sifting block 50 is supplied to a local extrema extraction
unit 52 and to a delay buffer 54. The delay buffer 54 stores the
image while the local mean is being calculated, so that the
local mean is subtracted from the correctly corresponding
input image, in a pipelined implementation.

Local extrema are extracted 52 as described previously
above. This results in two sets of points—a set of local
maxima and a set of local minima. Envelope generation units
56a and 565 are provided for constructing the envelope func-
tions from the respective sets of extrema. The interpolation
operation performed by the envelope generation unit will be
described with reference to FIG. 6. The mean of the two
envelopes is calculated by block 58. This is then subtracted, in
subtraction block 59, from the input image that was delayed
by the buffer memory 54. The result is a partial IMF, which is
passed to the next sifting stage 50. The output of the final
sifting stage 50d is taken as an IMF.

FIG. 6 illustrates the envelope generation unit 56 in greater
detail. The input is a set of extrema points (maxima or
minima). These can be represented as a set of triples (X, y, S(x,
y)), where x and y are the image coordinates of the extemum
and S(x, y) is the value of the extremum. This “point cloud” is
input to both a neighbourhood determination process 560 and
a delay buffer 562.

The neighbourhood determination 560 calculates the
Delaunay triangulation of the point set, in order to identify the
nearest neighbours within the set. Based on the identified
neighbours, block 564 calculates the mean distance between
these neighbours. The mean distance is input to the convolu-
tion block 100, for use as the bandwidth parameter. The delay
buffer 562 supplies the point cloud to the convolution block
100. The point cloud is suitably delayed by the buffer 562, so
that it arrives in the convolution block synchronously with the
average distance value for that point cloud. The convolution
block produces two images: an array of numerator values and
an array of denominator values. The division operator 566
divides the former by the latter, to produce the result of the
normalised convolution. This is the envelope function, which
is output from the envelope generation unit 56.

FIG. 7 shows the convolution block 100 in greater detail.
The inputs are the set of extrema (maxima or minima) and the
bandwidth parameter (the mean distance between neighbour-
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ing extrema). These are input to an array of worker units 110.
Each worker unit performs the calculations pertaining to one
of the local extrema. That is, it calculates the contribution of
its assigned extremum to all pixels of the image. This contri-
bution consists of two parts: a contribution to the numerator of
equation (A16) and a contribution to the denominator. Using
the notation of (A16), a variable number of k workers would
therefore be required for a fully parallel implementation. In
practice, some smaller, fixed number of worker units will be
available in a given hardware implementation. The workers
can be set to work on local extrema as the data arrives (in a
pipelined stream). Once all the available workers are work-
ing, the subsequently arriving extrema are buffered until
workers become available again. This facilitates pipelined
processing not only between successive images in a video
stream, but also among pixels of a given image. The pixels are
processed by the workers partly in parallel and partly in
series. Note that the extraction of extrema from an image may
preferably be implemented as a serial operation, because
relationships between pixels need to be considered. There-
fore, it is convenient to generate the extrema in a serial stream.
This matches well with a serial-parallel processing regime in
the convolution block 100—in particular, the worker array
110.

The numerator contribution is the product of the value of
the local extremum and the value of the Gaussian RBF. The
denominator contribution is the value of the Gaussian RBF.
The contributions are summed in summation units 120a and
1204 and output to the division operator 566 shown in FIG. 6.

Note that the Gaussian function will have a very small
value for pixel locations far from the local extremum (because
the tail of the Gaussian drops exponentially towards zero). To
reduce the computational burden, negligible values can be
quantised to zero. This will reduce the number of multiplica-
tions to be carried out (since the product of any number with
zero is zero) and also the number of values to be included in
the summations 120a and 1205.

The architecture illustrated in FIGS. 4-7 provides an effi-
cient means to implement the EMD according to an embodi-
ment of the invention. This is particularly well suited to image
and video processing, because of its pipelined design.

Variations to the disclosed embodiments can be understood
and effected by those skilled in the art in practicing the
claimed invention, from a study of the drawings, the disclo-
sure, and the appended claims. In the claims, the word “com-
prising” does not exclude other elements or steps, and the
indefinite article “a” or “an” does not exclude a plurality. A
single processor or other unit may fulfil the functions of
several items recited in the claims. The mere fact that certain
measures are recited in mutually different dependent claims
does not indicate that a combination of these measured cannot
be used to advantage. A computer program may be stored/
distributed on a suitable medium, such as an optical storage
medium or a solid-state medium supplied together with or as
part of other hardware, but may also be distributed in other
forms, such as via the Internet or other wired or wireless
telecommunication systems. Similarly, a signal representing
3D image data may be stored/distributed on a suitable storage
medium, preferably a non-volatile machine-readable
medium. Suitable storage media include but are not limited
to: optical media, such as a Blu-ray Disc (BD) or DVD;
magnetic media, such as a hard disk drive; and solid-state
media, such as a flash memory. Any reference signs in the
claims should not be construed as limiting the scope.

The invention claimed is:

1. A method of decomposing an image or video into a
plurality of components, the method comprising:
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obtaining (10) an intensity signal of the image or video; and

decomposing (30) the intensity signal into a component

representing the three-dimensional structure of one or
more objects in the scene and at least one other compo-
nent, wherein basis functions of the decomposition (30)
are determined adaptively from the intensity signal, and
wherein the decomposition comprises a two-dimen-
sional Empirical Mode Decomposition, EMD, compris-
ing:

determining (58) a local average of the intensity signal at

each point in the image,
wherein the local average at each point in the image is
defined as the mean of two envelope functions at
that point:
a maximum envelope, comprising a function which
interpolates among local maxima of the intensity
signal; and
a minimum envelope, comprising a function which
interpolates among local minima of the intensity
signal,
the method further comprising generating (56a) the
maximum envelope by:
extracting (52) from the intensity signal a sparse
maximum intensity signal which comprises the
value of the intensity signal at local maxima; and

performing normalized convolution (100) of the
sparse maximum intensity signal with a smooth-
ing filter; and
generating (56b) the minimum envelope by:
extracting (52) from the intensity signal a sparse
minimum intensity signal which comprises the
value of the intensity signal at local minima; and

performing normalized convolution (100) of the
sparse minimum intensity signal with a smooth-
ing filter;

wherein the intensity signal is decomposed according to

the spatial scale of variations in the intensity, and

the other component comprises at least one of:

a component representing surface reflectance of the

objects;

a component representing noise in the image; and

a component representing illumination in the scene,
the noise and reflectance components comprising varia-

tions at a small scale, the structure component compris-

ing variations at a medium scale, and the illumination

component comprising variations at a large scale or a

uniform value.

2. The method of claim 1 wherein the decomposition (30)
comprises non-linearly filtering the intensity signal.

3. The method of claim 1, further comprising generating
(42) a depth map from the structure component.

4. The method of claim 3, wherein:

the at least one other component resulting from the decom-

position comprises an illumination component; and
the generated depth map is dependent upon the illumina-
tion component.

5. The method of claim 3, further comprising using the
generated depth map to synthesise (44) image data suitable
for 3D display.

6. The method of claim 1, wherein the image is a high
dynamic range image.

7. A method of performing an Empirical Mode Decompo-
sition on image or video data in two or more dimensions, the
image or video data comprising an array of elements each
having at least one value, the method comprising:

determining (58) a local spatial average value for each

element,
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wherein the local average at each element is defined as the
mean (58) of two envelope functions at that element:
a maximum envelope, comprising a function which inter-
polates among local maxima of the element values; and
a minimum envelope, comprising a function which inter-
polates among local minima of the element values,
the method further comprising generating (56a) the maxi-
mum envelope by:
extracting (52) from the element values a sparse maxi-
mum signal which comprises the value of the element
at each local maximum; and

performing normalized convolution (100) of the sparse
maximum signal with a smoothing filter; and

generating (565) the minimum envelope by:

extracting (52) from the element values a sparse mini-
mum signal which comprises the value of the element
at each at local minimum; and

performing normalized convolution (100) of the sparse
minimum signal with a smoothing filter.

8. The method of claim 1, wherein the normalised convo-
Iution is calculated by combining (566) the results of two
convolution operations.

9. The method of claim 1 wherein a spatial scale parameter
of the smoothing filter is chosen dependent upon a represen-
tative distance between neighbouring points in the set of
maxima, or in the set of minima, or in the union of both sets.

10. The method of claim 1, wherein:

a local maximum is defined as a pixel whose value is
greater than the values of the other 8 pixels surrounding
it, in a 3x3 square neighbourhood centred on the pixel;
and

a local minimum is defined as a pixel whose value is less
than the values of those other 8 pixels.

11. Signal processing apparatus adapted to perform an

Empirical Mode Decomposition on numerical data, the data
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comprising an array of elements in two or more dimensions,

each element comprising a value, the apparatus comprising:

an averaging unit (58), adapted to determine for each ele-
ment in the array a local average value,

wherein the local average at each element is defined as the
mean of two envelope functions at that element:

a maximum envelope, comprising a function which inter-
polates among local maxima of the element values; and

a minimum envelope, comprising a function which inter-
polates among local minima of the element values,

the averaging unit further comprising:

a local extrema extraction unit (52), adapted to extract
from the element values a sparse maximum signal
which comprises the element-value at each local
maximum and a sparse minimum signal which com-
prises the element-value at each at local minimum;

a maximum envelope generation unit (56a), adapted to
generate the maximum envelope by performing nor-
malized convolution of the sparse maximum signal
with a smoothing filter; and

a minimum envelope generation unit (565), adapted
generate the minimum envelope by performing nor-
malized convolution of the sparse minimum signal
with a smoothing filter.

12. The apparatus of claim 11, wherein each envelope

generation unit comprises:

a plurality of worker units (110), each unit adapted to
calculate the contribution of one local extremum to the
normalized convolution for a plurality of elements in the
array; and

an adder (120a, 1205), for summing the contributions of
the workers for each element of the plurality.
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